Multivariate statistical techniques, such as principal component analysis (PCA), factor analysis (FA) and discriminant analysis (DA), were applied for the evaluation of temporal/spatial variations and the interpretation of a large complex water quality dataset of the Mekong River using data sets generated during 6 years (1995)(1996)(1997)(1998)(1999)(2000) of monitoring of 18 parameters (16,848 observations) at 13 different sites.
INTRODUCTION
A river is a system comprising both the main course and the tributaries, carrying the one-way flow of a significant load of matter in dissolved and particulate phases from both natural and anthropogenic sources. The quality of a river at any point reflects several major influences, including the lithology of the basin, atmospheric inputs, climatic conditions and anthropogenic inputs (Bricker & Jones 1995) . On the other hand, rivers play a major role in assimilation or transporting municipal and industrial wastewater and runoff from agricultural land.
Municipal and industrial wastewater discharge constitutes a constant polluting source, whereas surface runoff is a seasonal phenomenon, largely affected by climate within the basin (Singh et al. 2004) . Seasonal variations in precipitation, surface runoff, interflow, groundwater flow and pumped in and outflows have a strong effect on river discharge and, subsequently, on the concentration of pollutants in river water (Vega et al. 1998) . Therefore, the effective long-term management of rivers requires a fundamental understanding of doi: 10.2166/hydro.2008.008 hydro-morphological, chemical and biological characteristics.
However, due to spatial and temporal variations in water quality (which are often difficult to interpret), a monitoring program, providing a representative and reliable estimation of the quality of surface waters, is necessary (Dixon & Chiswell 1996) .
The application of different multivariate statistical techniques, such as principal component analysis (PCA), factor analysis (FA) and discriminant analysis (DA), helps in the interpretation of complex data matrices to better understand the water quality and ecological status of the studied systems, allows the identification of possible factors/sources that influence water systems and offers a valuable tool for reliable management of water resources as well as rapid solution to pollution problems (Helena et al. 2000; Lee et al. 2001; Adams et al. 2001; Wunderlin et al. 2001; Reghunath et al. 2002; Simeonova et al. 2003; Simeonov et al. 2004; Papatheodorou et al. 2007) . Multivariate statistical techniques has been applied to characterize and evaluate surface and freshwater quality, and it is useful in verifying temporal and spatial variations caused by natural and anthropogenic factors linked to seasonality. For example, Zou & Yu (1996) have used a general dynamic factor model to reduce the high dimensionality of the original matrix variables in order to detect trends in time series. Meng & Maynard (2001) used cluster and factor analysis to identify geochemical regions within a watershed in Brazil. Silva & Williams (2001) combined multivariate statistical analyses with GIS analysis to determine if a correlation existed between water quality and landscape characteristics in a watershed in southern Ontario (Canada). Singh et al. (2004 Singh et al. ( , 2005 used multivariate statistical techniques to evaluate spatial and temporal variations in water quality of the Gomti River (India). Similarly, Shrestha & Kazama (2007) also used multivariate statistical techniques to assess the surface water quality of the Fuji River Basin in Japan. These techniques, especially PCA, have also been used to evaluate the water quality monitoring stations (Ouyang 2005) . Furthermore, longterm hydrochemical data of shallow water bodies has been evaluated using factor analysis and discriminant analysis (Medina-Gomez & Herrera-Silverira 2003; Solidoro et al. 2004; Parinet et al. 2004 ).
In the present study, a large data matrix, obtained during a 6-year (1995-2000) monitoring program, is subjected to different multivariate statistical techniques to extract information about the similarities or dissimilarities between sampling sites, identification of water quality variables responsible for spatial and temporal variations in river water quality, the hidden factors explaining the structure of the database, and the influence of possible sources (natural and anthropogenic) on the water quality parameters of the Mekong River.
STUDY AREA
The Mekong River (see Figure 1 ) is the longest in Southeast Asia and the twelvth longest in the world, with a length of 4800 km, a drainage area of 80,5604 km 2 (WRI et al. 2003) 
MONITORED PARAMETERS AND ANALYTICAL METHODS
The datasets of 13 water quality monitoring stations which covers the Lower Mekong River of ,2400 km from its river mouth, comprising 18 water quality parameters monitored monthly as a grab samples over 6 years (1995) (1996) (1997) (1998) (1999) (2000) , were obtained from the Mekong River Commission (MRC).
The selected water quality parameters includes pH, dissolved oxygen, chemical oxygen demand (manganese), calcium, magnesium, potassium, sodium, chloride, sulfate, iron, silicon, total suspended solids, electrical conductivity, alkalinity, nitrate nitrogen, ammonical nitrogen and inorganic dissolved phosphorus and total phosphorus. The water quality parameters, their units and the basic statistics of the monthly measured 6-year dataset on river water quality are summarized in Table 1 .
METHODS

Data treatment and multivariate statistical methods
The Kolmogorov-Smirnov (K-S) statistics were used to test the goodness-of-fit of the data to log-normal distribution. of this type so that the variation in the data can be accounted for as concisely as possible (Sarbu & Pop 2005) .
PC provides information on the most meaningful parameters, which describes a whole dataset affording data reduction with minimum loss of original information (Helena et al. 2000) . The principal component (PC) can (Vega et al. 1998; Helena et al. 2000) . PCA of the normalized variables was performed to extract significant PCs and to further reduce the contribution of variables with minor significance; these PCs were subjected to varimax rotation (raw) generating VFs. As a result, a small number of factors will usually account for approximately the same amount of information as does the much larger set of original observations. The FA can be expressed as
where z is is the component score, a is the the component loading, f is the factor score, e is the residual term accounting for errors or other source of variation, i is the sample number and m is the total number of variables. Singh et al. 2004 Singh et al. , 2005 , as in the equation below:
Discriminant analysis
where i is the number of groups (G), k i is the constant inherent to each group, n is the number of parameters used to classify a set of data into a given group, w j is the weight coefficient, assigned by DA to a given selected parameter suggest that total suspended solids and electrical conductivity are the most significant parameters to discriminate between the four seasons, which means that these two parameters account for most of the expected temporal variations in the river water quality in the delta region of the Mekong River basin.
As identified by DA, box and whisker plots of the selected parameters showing seasonal trends are given in Figure 2 and autumn seasons, which reflects the dilution effect.
However, the concentration of nitrate nitrogen is higher in the summer season, which can be attributed to the non-point source pollution, i.e. agricultural runoff. In the upper region, electrical conductivity and silicon are lower in the summer and autumn seasons as compared to the winter and spring seasons, which also suggest the dilution effect. In the midstream region also electric conductivity and silicon are lower but total suspended solids are higher in these seasons, which suggest erosion and transport from riparian areas. In the lower stream region, electrical conductivity and sodium are lower in the summer and autumn seasons, which suggest the dilution effect.
In the delta region, total suspended solids and alkalinity are lower in the summer and autumn seasons as compared to the winter and spring seasons.
Spatial variations in water quality
Spatial DA was performed with the same raw dataset explaining 68, 66, 73, 68, 71, 69, 68, 73, 72, 77, 65, 80 and 71% of the total variance in the respective water quality datasets.
Similarly, PCA of the whole Mekong River dataset yielded six PCs with eigenvalues . 1, explaining 72% of the variance in the water quality datasets. An eigenvalue gives a measure of the significance of the factor: the factors with the highest eigenvalues are the most significant. Eigenvalues of 1.0 or greater are considered significant (Kim & Muller 1987) .
Equal numbers of vari-factors (VFs) were obtained for all cases through FA performed on the PCs. Corresponding VFs, variable loadings and explained variance are presented in Table 2 . Liu et al. (2003) classified the factor loadings as 'strong', 'moderate' and 'weak', corresponding to absolute loading values of .0.75, 0.75-0.50 and 0.50-0.30, respectively.
In the case of the whole river, the VF1, which explained 26.3% of the whole dataset, has strong positive loadings on EC, sodium and chloride. This factor can be named as the salinity factor. There are two reasons for the salinity problem in the Mekong River. The first, mainly in Northeast Thailand (upstream and midstream), has resulted from deforestation and associated rises in water tables. The problem has been exacerbated where there are underlying salt domes. The second set of salinity problems arises in the delta, where saline intrusion occurs during the dry season as insufficient fresh water flows out to keep tidal seawater at bay (Hirsch & Cheong 1996) .
In the upstream region, the VF1 of station 1 and station 2, which has strong positive loadings of mineral salts, explained the 32.70% and 24.24% variance of the whole dataset. But the VF1 of Vientine has strong positive loadings of hardness component and explained 23.06% of variance.
This factor accounts for the temporary hardness of water.
In the middle stream region, all stations (station 4, station 5 and station 6) have strong positive loadings of mineral salts and hardness components. Moreover, in station 5 VF1 is also associated with organic matter loadings. The negative correlation between COD Mn and pH is due to anaerobic conditions in the river from the loading of high dissolved organic matter, which results in formation of ammonia and organic acids, leading to a decrease in pH.
In the lower stream region, VF1 is associated with strong loadings of mineral salts composition, weathering and anthropogenic source of pollution. In station 7, apart from mineral salts, iron also has strong loadings. This station receives water from three other tributaries, Se Kong, Se Sang and Sre Pok. The highest loadings of iron can be attributed to the soils containing pyrite (iron sulfide). The loading of iron is also observed in stations located in the lower stream and delta regions either as a single factor or associated with other variables. Pyrite is usually found in deltaic areas where rising sea levels have flooded mangroves and estuaries (Hirsch & Cheong 1996 In the delta region (station 10, station 12 and station 13), the VF1 is associated with strong loadings of mineral salts. This is due to saline intrusion occuring during the dry season as insufficient fresh water flows out to keep tidal seawater at bay (Hirsch & Cheong 1996) . 
CONCLUSIONS
